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Few-Shot Specific Communication Emitter Identification Method Based on
Broad Learning and Attention Mechanism

CHEN Yupeng®, LIU Hui', REN Gaoxing®, YANG Junan'
(1. College of electronic countermeasures, National University of Defense Technology, Hefei 230037,
China;2. Unit 31683, Lanzhou 730000, China)

Abstract: Under the condition of few-shot specific communication emitter identification, the difficulty of
extracting individual features of communication radiation source by the existing deep learning algorithm
increases, and the recognition rate decreases. To solve this problem, this paper proposes a recognition
method to construct a shallow neural network by fusing attention mechanism and broad learning. Firstly,
broad learning is introduced to simplify the network model and reduce the overfitting phenomenon caused
by small samples; secondly, the node attention module is constructed to improve the feature extraction
ability of the broad neural network under the condition of small samples; and finally, the effectiveness of
the proposed method is verified on the public dataset. The results show that compared with the deep
learning method with a small number of samples, the proposed method improves the overfitting
phenomenon of the deep learning network, strengthens the feature extraction ability of the broad learning
method, and improves the recognition accuracy.

Keywords: few-shot; specific emitter identification; attention mechanism; broad learning
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Table 2 Comparison of Fisher criterion values before and after adding the node attention module
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